Health insurance fraud increases the inefficiency and inequality in our society. To address the widespread problem, cost effect techniques are in need to detect fraudulent claims. With a dataset from medical expense insurance in China, we propose a discrete choice model to identify predicting factors of fraudulent claims, and we address the major limitations of discrete choice model by considering over sampling of fraudulent cases, as well as mislabeling of legitimate claims (omission error). Our results show that a few factors, such as hospital's qualification and policyholder's renewal status, could be used to predict fraudulent claims for further investigation.
Introduction
Health insurance is a critical mechanism for financing healthcare need in a modern society. Health insurance fraud comes as an unwanted byproduct, contributing to rising health insurance costs and resulting in significant social welfare loss. According to the Global Health Care Anti-fraud Network (GHCAN), health insurance fraud has become a worldwide problem suffered by both developed countries with sophisticated healthcare systems and developing countries with emerging health insurance markets.
Globally, it is estimated that the annual total cost of health insurance fraud could reach $260 billion, or 6% of global healthcare spending.
1 In the U.S. alone, it is estimated that health insurance fraud costs up to $80 billion annually, accounting for 3% of the annual national health care spending.
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In an emerging market such as China, commercial health insurance market is still at a nascent stage in terms of premium income 3 , but fraud is already wide-spread, causing losses equal to 10%-30% of premium income (Mao, 2008; Munich Re, 2013) . 4 The China Insurance Regulatory Commission (CIRC) estimated the growth rate of insurance fraud cases was around 20%
in 2011, and in response to this rising problem CIRC proposed to build its own insurance anti-fraud system in 2012.
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Multiple stakeholders should be involved to detect fraudulent claims effectively and accurately, including academia, the insurance industry, regulatory institutions and international organizations such as the GHCAN. In a developed market, all stakeholders work coherently and develop an advanced fraud detection system using abundant data and predictive analytics to provide efficient fraud management. 6 In an emerging market such as China, the typical procedure to detect health insurance fraud still follows simple guidance criteria such as claim amount threshold, and then largely relies on the experience and skill of an individual claim adjuster to perform a manual investigation. Both the efficiency and accuracy could be improved dramatically with an automated fraud detection system. Despite the urgent need, as far as we know, there has been no study focused on health insurance fraud in China yet. We attempt to 3 fill this gap and provide evidence on contributing factors in predicting health insurance fraud in this emerging market.
We develop our hypotheses and theoretical background in the following, then we present our data and the empirical models, as well as discuss the results. We present the concluding remarks in the end.
Theory and Hypotheses Development

Overview on Fraud Detection Methodology
The methods of detecting insurance fraud fall largely into two groups. The supervised learning methods make use of prior information on the dependent variable (fraudulent or legitimate) in a training subset of data to obtain patterns in predicting variables. Some examples of supervised learning methods include discrete choice models (Artis et al., 1999 (Artis et al., , 2002 Belhadji et al., 2000; Caudill et al., 2005) , other standard econometric models (Weisberg and Derrig, 1991 , the expert system (Major and Riedinger, 2002; Stefano and Gisella, 2001) , as well as active learning and costsensitive learning methods. Unsupervised learning methods do not rely on predetermined status of dependent variable but extract information from the predicting variables directly. Some examples include cluster analysis, unsupervised neural network (Brockett et al., 1998) and other data mining methods (Kou et al., 2004; Yamanishi, 2004 ).
Compared to unsupervised methods, supervised methods tend to be more accurate since additional information on dependent variable is employed in the training sample. But the major limitations are: first, it could difficult and (or) costly to obtain "labels" for training sample; second, due to the nature of fraud, unbalanced data (too few fraudulent cases compared with legitimate ones) is almost inevitable and requires specific treatment; third, the labeling of dependent variable could be inaccurate (misclassification problem).
In our study, we obtained a dataset with prior information of whether the claim is fraudulent, therefore the choice of using a supervised learning method is natural.
Among different supervised methods, we choose discrete choice model. It's 4 straightforward to use, and the results could be easily interpreted. In addition, we used weighted exogenous sampling maximum likelihood estimation to address the oversampling of fraudulent claims in our sample, and further consider omission error to address the inaccuracy of predetermined labelling of dependent variable.
Literature Summary on Health Insurance Fraud Predicting Indicators
In the area of detecting insurance fraud, various methods are applied in different lines of products as shown in Table 1 . Yamanishi et al. (2004) Yang and Hwang (2006) other lines (BI in auto) Viaene et al. (2002) Weisberg and Derrig (1990 , 1993 ) Ai et al. (2009 ) Brockett et al. (2002 While there are a series of empirical studies on insurance fraud in auto lines (for either property damage or bodily injury claims) (Artis et al., 1999; Brockett et al., 2002; Caudill et al., 2005; Derrig and Ostaszewski, 1995) , scholars start to present findings in health insurance as data becomes available (He et al., 1997 , Liou et al., 2008 Major and Riedinger, 2002; Yamanishi et al., 2004) . As suggested by Li et al. (2008) , due to legal issues or concerns over privacy protection, the papers presenting details on indicators for health care fraud is scarce.
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Most of the existing studies employ unsupervised learning methods. Major and Riedinger (1992) analyzed Electronic Fraud Detection (EFD) using by an insurance company, and it provides a general framework for health insurance fraud indicator classification, and it includes five categories, i.e. financial indicators, medical logic indicators (whether a medical situation would normally happen), abuse indicators (frequency of treatment), logistics indicators (the place, timing and sequences of activities) as well as identification indicators (the way providers present information).
In specific for health fraud committed by medical laboratory, Yamanishi et al. (2004) used outlier detection method to identify the test categories (chemical, microbiology, and immunology) distribution, the number of different patients, and the test frequency as potential indicators to detect fraud.
Regarding abusive utilization in outpatient clinics, Shin et al. (2012) uses a scoring model to detect outpatient abusive billing patterns using profiling information extracted from electronic insurance claims in South Korea. They rely on domain experts to generate an index to decide whether further investigation is warranted. It includes measurement of various charges composition (total utilization, medications, injections, laboratory tests, and diagnostic radiology), total charges for the five most frequent diagnoses, rates of utilization of specific services (antibiotics and corticosteroids), utilization of visits and prescription drugs. Similar to Shin et al. (2012) , Liou et al. (2008) also takes healthcare provider as the unit to examine its fraudulent medical claims, and it uses three different approaches including logistic regression, neural network and classification trees. It uses nine variables including average days of drug dispense, average drug cost, average consultation and treatment fees, average diagnosis fees, average dispensing service fees, average medical expenditure, average amount claimed, average drug cost per day, and average medical expenditure per day, and it finds eight out of the nine variables being significant predicting ones.
Our study is different from the previous literature in three ways. First, we adopt more sophisticated discrete choice model to detect medical fraud and this type of method was 6 not frequently used before. Second, we are the first to focus on product providing inpatient medical expense insurance in China. Third, we focus on indicators of individual fraudulent behavior (insured) rather than institutional behavior (healthcare provider), therefore our results could provide more informative inference for insurer.
Hypotheses Development for Specific Indicators
We choose characteristics on healthcare provider and service (type of hospital, number of days in hospital this time and previously under this product, total cost, and composition of total cost across bed charge, medicine, care, diagnosis, treatment, operation and lab test) and characteristics on policy (coverage, renew status, claim duration, file duration and previous claim frequency etc.) as our fraud indicators, controlling for demographics of the insured (sex, age, occupation, marital status, and income).
In specific, we hypothesize that: a. A few variables defining the nature of hospital are predictive of medical fraud.
The type/ranking of hospital could be predictive of fraud. Those lower ranked community clinics could be networked more easily, therefore prone to fraudulent behavior compared to the national wide top hospital (ranked III-A).
In addition, if a hospital is qualified provider under the insurance contract, the probability of fraud would decrease. Furthermore, if the policyholder seeks service from a recommended provider, the probability of fraud should also decrease.
b. The number of days stayed in hospital and total cost for current stay.
These two variables are dependent to each other to some extent. We hypothesize that as the patient spends more days in hospital, or has a larger bill for the stay, it's a likely signal for fraudulent behavior. As these signals draw attention of claim adjuster, there is a higher probability of fraudulent behavior being discovered. If it's a planned fraud, the fraudster may tend to purchase policy with higher limit and more comprehensive coverage, therefore, we hypothesize there is a positive correlation between coverage type and fraud.
e. Renewal status, number of days stayed in hospital in previous claims, and number of claim filed previously.
These three variables indicates the history of a given insured with the product. We hypothesize that if it's a renewed customer, it's less likely to commit fraud.
Furthermore, if the insured filed claims previously, then he/she had undergone claim auditing before, therefore diminishing the probability of fraud.
f. Number other policies with the same company.
We hypothesize that if the customer bought other policies (such as auto insurance), then it's less likely to commit fraud, because information gathered from other policies could be used by insurer in claim auditing. g. Self-claim preparation.
If a claim is filed and materials being prepared by insured himself/herself, we hypothesize the probability of fraud would diminishing.
h. Claim duration.
It's the number of days between policy commencement to hospitalization. If it's a planned fraud, the fraudster tends to shorten the claim duration, therefore there is a negative correlation between claim duration and fraud.
i. File duration.
It's the number of days between hospitalization and submission of complete claim files. For fraudulent claims, it might take longer to get forge the material resulting in a positive correlation between file duration and fraud.
Data
Medical Expense Insurance Fraud in China
There are three main types of health insurance products in China, namely medical expense insurance, critical illness insurance and accident insurance with health expense coverage. We chose medical expense insurance as our target product because it is the dominant health insurance product, and the fraud is more prevalent compared to the other two products. We obtained data of an individual inpatient medical expense 8 insurance product from a leading health insurance company in China. Insured aged between 28 days and 59 years old are eligible to purchase this product. It is designed with three levels of coverage, with the premium depending on age, gender and coverage level. The coverage limits in various sub-categories are described in Table 2 . There is no deductible, and the copayment percentage is 20%. An additional coverage of 5% of the medical expense claim payoff is provided if the insured seeks healthcare from a recommended hospital. Treatment charge 1,500 3,000 4,500
Lab charge 2,000 4,000 6,000
Operation charge 2,000 4,000 6,000
Additional coverage (in Yuan) Additional 5% of medical expense claim payoff
There exists a range of definitions for health insurance fraud, from hard fraud in the form of criminal actions to soft fraud in the form of over-utilization or over-estimation of existing expense (Ai, et.al, 2009) . In this product, the major types of fraud include concealing a pre-existing condition, forgery of medical expense receipts and documents, as well as inflating days of inpatient service. There is virtually no consensus on the definition of insurance fraud in the existing literature. We use the insurer's decision as a proxy of insurance fraud in model 1 and adjust for the insurer's omission error in model 2. 
Sample Selection
We obtained data of all claims filed in 2009 and 2010 for this inpatient medical expense insurance product. It is divided into two categories, zero payoff and non-zero payoff, according to insurer's claim decision. We treat zero claim payoff as definite evidence for the existence of fraud. The non-zero payoff claims could be further divided into fully paid (adjusted to copayment and coverage limit) and partially paid claims.
However the majority of the partially paid claims are due to the deduction of payment from the social medical insurance program, so it would be unfair to label them as fraud.
Therefore we treat all partially paid claims as legitimate claims in our analysis, and only regard zero claim payoff as fraud cases. 7 We will adjust for non-random sampling in specification 2 Table 4 gives a complete summary of variable definitions and descriptive statistics for our sample. Overall, the data provides information on three different levels: first, characteristics of the insured (sex, age, occupation, marital status, and income); second, characteristics on healthcare provider and service (hospital type, days of hospital stay, total cost, composition of the total cost); third, characteristics on policy (coverage, 
Descriptive Statistics
The probability of the claim being legitimate is
If we assume that i e follows a normal distribution, it is a probit model that we choose.
Let the cumulative distribution function of standard normal distribution be ()  , then Pr( 1| ) ( )
Due to the sampling method and nature of our data, we improve probit model in two directions in the following two session. Model 1 in session 4.2 addresses the oversampling problem and model 2 in session 4.3 attempts to address the misclassification problem.
Probit Model with Weighted Exogenous Sampling Maximum Likelihood Estimation
Overall, 6% of all claims in 2009 and 2010 are fraudulent, but in our sample fraudulent cases increases to 39% because of an oversampling of fraudulent claims. To adjust for the oversampling, we follow Manski and Lerman (1977) to include a weighted exogenous sampling maximum likelihood (WESML) estimator. It modifies the classic log-likelihood function and provides a consistent and asymptotically normal WESML estimator. Artis, Ayuso and Guillen (1999) use this method to correct the oversampling of fraud claims in auto insurance.
Consider the following specific weighted exogenous sampling likelihood function corresponding to our model.
Where, Table 6 . We obtain the estimates by maximizing equation(2). 
Maximum Likelihood Estimation with Omission Error
Detecting fraud is a classification problem. There are two types of misclassification, Assume that the probability of misclassification is as follows:
In our specification, we assume 0 0   , and estimate 1  .
The conditional expectation of the observed dependent variable is given by:
Where ()  is the cumulative distribution function of the standard normal distribution.
The corrected log-likelihood function is:
1  can be estimated by maximizing the log-likelihood function in equation (3).
Empirical Results and Discussions
Corresponding to model specifications in section 4, we consider three specifications in our model. First, we use probit model to obtain the estimation. Second, we take into account the effect of the over-representation of fraudulent claims in our sample. And in the third specification, the omission error is considered.
The dependent variable is the claim decision judged by the insurance company. We treat claim completely rejected as fraudulent claim, and therefore the dependent variable equals to one, and zero otherwise. The explanatory variables include indicators for fraudulent claim as well as control variables of the insured.
We perform a likelihood ratio test, and the result is 18.9 with 1 degree of freedom. This indicates that a significant improvement occurs when we includes the omission error parameter (specification 3), compared with the restricted model with no omission errors (specification 2).
In specification 3, we find that the parameter 1  estimating the probability of omission error is significantly different from zero. The result shows that the fraudulent claims are underestimated by 4.66 percent. The complete regression results are shown in Table 7 . In Table 7 , we find that most of the parameters' signs are consistent with our expectation. Table 8 lists the expected versus the obtained parameter signs. and number of other policies (num_other_policy). The coefficients of these four explanatory variables are not significant though.
As shown in Table 8 , we find several indicators for fraudulent medical claims. And most of them are related to either medical service and provider, or measurement of insurance policy.
The hosp_rec_dummy2 variable demonstrates a strong negative relationship with a claim being fraudulent. It shows that if the insured seeks medical service in an unqualified provider of the insurer, it's more likely to be a fraudulent case. However, the hosp_rec_dummy1 variable which indicates it's a qualified provider but not being recommended by insurer is not significant. But it does have a positive sign as expected,
showing that compared to providers recommended by insurer, those not on the recommendation list have a higher probability of committing fraud.
Both the length of hospital stay in this time and in prior are significant indicators of committing medical fraud. And all signs in three specifications are negative, meaning that the longer the insured stays in the hospital this time or in prior, the lower the probability of fraudulent claims is. The expected sign of number of hospital stay is different from our original hypothesis. We propose two reasons. First, the longer the hospital stay is, the higher the probability that the claim will be subjected to scrutinize in claim handling, therefore the insured who plan to commit fraud will choose to keep the hospital stay in a reasonable limit. Second, there is coverage limit for bed charge that could be reimbursed by this insurance product, therefore if it's a planned fraud, the fraudster will limit the length of his/her stay.
The influence of the total cost is significant at the 1 percent significance level in specification 1 and is significant at the 10 percent significance level in specification 2.
The parameter signs in all three specifications are positive, indicating that the higher the total cost, the higher the probability of fraudulent claims is, which is consistent with 22 our expectation.
Different from results in prior study (Shin et al., 2012) , the influence of composition of expenditure are not significant in general. Only bed charge, diagnosis expenditure and operation cost are significant at 10 percent level in specification 1, but none is significant when over sampling or omission error is taken into consideration. The major reason we propose is that the prior studies either controlled for diagnosis information or just focused on certain kind of disease (Ireson, 1997) . In our sample, we have limited number of observations and various disease types, therefore, without controlling for disease type, the cost composition cannot be used to predict fraudulent cases.
The renew variable indicating the total number of years since the insured first purchased this product. Consistent with our expectation, the further the insured renewed with the same insurer, the less likely he/she commits fraud.
The variables of claim_duration and file_duration are both significant in all three specifications, and the signs are consistent with our expectation. The claim_duration measures the number of days between the policy commencement and hospital admission. The negative sign shows that the insured who would like to commit fraud is eager to forge the accidents. The file_duration measures the number of days between hospital admission to claim material submission. The positive sign shows that insured who spend more time on preparing the claim material are more likely to commit fraud.
The number of claims filed prior to the current claim has a negative impact on the probability of fraud as expected, but it's only significant at the 5 percent level in specification 1.
In our set of control variables regarding the characteristics of the insured, most of them are not statistically significant when omission error is considered, except for the child_dummy. The sign of child_dummy parameter is negative, as expected, since children are less likely to be involved in medical insurance fraud.
23 Marginal effects at the means of independent variables are reported in Table 9 . We note that the marginal effect in specification 3 is very small, compared to the other 2 models.
The underlying reason is that our latent variable * Y in specification 3 is higher compared with the ones in specification 1 and 2. In a probit model, the probability of a case being fraudulent is ( To check the adequacy of our models, we report the classification results in Table 10 , 11 and 12. We chose the threshold of predicting fraudulent claim using a grid search framework, and we made compromise between the best classification in whole sample and the best classification within fraudulent cases. In specification 1 (the basic probit model), using threshold of 0.5 9 , the total percentage of observations being correct classified was 74 percent, which is acceptable. The conditional percentage of legitimate claims that were correctly classified was 81 percent.
However, the conditional percentage of fraudulent claims that were correctly classified was only 62 percent, showing that the probit model without weighted sampling and omission error is not ideal for detecting medical insurance fraud.
In specification 2, the threshold was set to 0.8 since it yields the highest overall classification percentage while keeping the correctly classified fraudulent cases above 85%. In this case, the conditional percentage of fraudulent claims being correctly classified was about 89 percent and the percentage of legitimate claims being correctly 9 For a complete result of threshold grid search, please refer to appendix.
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classified was 54 percent. Overall, 68 percent of observations are correctly classified.
In this way, the model is more effective in detecting fraud than the basic probit model.
Using the same criteria as in specification 2, the threshold was set to 0.9 in specification 3 to yield the best compromise between overall performance and the segment of fraudulent claim. The conditional percentage of fraudulent claims being correctly classified was about 86 percent and the percentage of legitimate claims being correctly classified was 58 percent. The total percentage of correct classification was 67 percent, which is acceptable in terms of both adequacy and efficiency in detecting the medical insurance fraud.
Concluding Remarks
Health insurance fraud causes higher insurance prices and significant welfare loss to society, therefore, detecting fraud is important for improving efficiency in the insurance industry. The fraud detection techniques have been studied extensively by both academics and industry analysts, yet most empirical studies focus on fraud in health insurance in developed countries and there is little evidence on the nascent commercial health insurance market in China.
We use a discrete choice model considered for over-sampling and omission error to identify the predictive factors of medical insurance fraud, and we find hospital's qualification, total cost of healthcare, policyholder's renewal status, claim duration and file duration are contributing factors of medical insurance fraud.
Our research provide a significant contribution by broadening the understanding of predictive variables for health insurance fraud in China. We expect our analysis to help insurers in China to better evaluate their claims and improve the efficiency and accuracy of claim management.
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Appendix：
Grid search result for thresholds in classification is shown in table 13. 
